Biospeckle activity (during 1-25 s) of 'Red Delicious' apples was recorded under 680 and 780 nm laser diodes. The time history speckle pattern (THSP) images were configured and evaluated using the common biospeckle and texture descriptors. Several artificial neural networks (ANN) models were developed to predict the stiffness and juiciness of apple fruits. At the recording time of 1 s and 680 nm laser diode, the ANN models developed by texture features showed better performance in prediction of stiffness (r = 0.70 and SEP = 8.4 kN) and juiciness (r = 0.68 and SEP = 2.3 cm2) as compared to the common biospeckle features-based ones (r = 0.25 and SEP = 11.3 kN m −1 for stiffness and r = 0.29 and SEP = 3.1 cm 2 for juiciness). Furthermore, classification of apples into fresh, semi-mealy, and mealy groups was carried out. At the recording time of 25 s and 680 nm laser, the ANN models developed by texture features classified fresh, semi-mealy, and mealy apples with accuracies of 86.3, 65.9, and 95.5%, respectively. Reduction of the recording time to 1 s resulted in the classification accuracies of 88.2, 68.5, and 85.5% for mealy, semi-mealy, and mealy apples compared to the common biospeckle features-based ANN models with the accuracies of 82.8, 50.7, and 46.8%, respectively. These results indicated that the texture descriptors had better performance at shorter recording times in comparison with the biospeckle features which are commonly used in evaluation of biospeckle images, even though more improvements are still required.
Introduction
Mealiness is a physiological disorder characterized by the sensation of abnormal softness and lack of juiciness during chewing. [1] The degree of mealiness depends on various factors, such as storage conditions, fruit size, harvest date, and cultivar. [2] Mealiness affects different types of fruits such as apple and makes them unsuitable for marketing goal. [3] Therefore, detection of mealy apples has always been a topic of research interest. Preliminary studies for assessing mealiness involved the sensory panel which suffered from drawbacks including need of expert people, being time-consuming, subjective, and high costs. [4] To overcome the disadvantages, measurement of mealiness in apples has been carried out by different instrumental methods which among them confined compression test was suggested as an instrumental method correlating well with mealiness sensory evaluation. [1] However, some drawbacks including being destructive and time-consuming limited its application for online monitoring of mealiness. To overcome these problems, non-destructive assessment of mealiness in apples has been investigated using ultrasonic [5] , nuclear magnetic resonance\magnetic resonance imaging [6, 7] , near-infrared spectroscopy [8] , chlorophyll fluorescence [3, 9] , hyperspectral scattering imaging [4, 10] , and laser-light backscattering imaging [11] which a comprehensive review of them is given in Arefi et al. [12] Currently efforts are still being continued to achieve mealiness detection systems of better performance in terms of accuracy, time, and cost.
Biospeckle imaging is a non-invasive technique in which an object is illuminated by a coherent light beam (e.g. laser light) and the backscattered rays are recorded in the time domain. The output will be a granular image (known as speckle pattern) consisting of bright and dark points. Each point is made up of interfering several scattered rays, and thus, the light intensity of image randomly change from point to point. The intensity of each point is going to be frozen in the time domain if the light scattering centres are static. On the contrary, there will be a fluctuation in the light intensity of the points when a biological sample is illuminated. This phenomenon is called biospeckle activity which seems like a boiling liquid. [13] Motion of organelles, cytoplasmic streaming, development and deviation of cells during fruit maturation, biochemical reactions, and Brownian motion have been introduced as the main factors responsible for biospeckle phenomenon. [14] The application of biospeckle technique in agricultural areas has been covered different topics such as defects and diseases detection in fruits [15] and seeds [16] , plants development [14] , quality inspection of meat [17] , relationship between biospeckle activity and biochemical features [18, 19] , and changes of biospeckle activity during the shelf-life or aging process. [20] Szymanska-Chargot et al. [21] studied maturity of apple fruit during pre-harvest stage by biospeckle imaging technique. An increase in the biospeckle activity was observed during fruit growing. Results also showed that biospeckle activity had a high correlation with firmness (r = −0.89), starch (r = −0.80), and soluble solids content (r = −0.91). In our previous study [22] , the classification of apples into fresh, semi-mealy, and mealy groups was carried out using biospeckle imaging. Biospeckle activity of each sample was recorded during 25 s at the wavelengths of 680 and 780 nm, separately. Biospeckle activity was measured using inertia moment (IM), the absolute value of differences, and autocorrelation function. Artificial neural networks (ANN)-based models were able to classify fresh, semi-mealy, and mealy apples with the accuracies of 76.7, 64.1, and 77.3% at 680 nm, and 81.7, 70.9, and 70.9% at 780 nm, respectively. Biospeckle imaging technique showed a potential of being used to classify apples in different levels of mealiness; however, long time required for image acquisition (25 s) was the main disadvantage which would restrict its online application.
Therefore, possibility of apple mealiness detection at shorter recording time using biospeckle imaging technique was the overall objective of this research.
Materials and methods

Sample preparation and image acquisition
The apples cv. 'Red Delicious' (760 samples) were used in this study. The number of 540 apples was kept at 85 ± 5% relative humidity and 0 ± 1°C for five months. To accelerate the mealiness development in samples, the remaining 220 apples were stored under 20°C and relative humidity of 95% as recommended by FAIR standard. [23] The schematic of biospeckle imaging setup is shown in Figure 1 . It consisted of a CCD camera (8-bit depth, Model No: BCP-1050MT, Korea) equipped with a zoom lens (18-120 mm, Avenir CCTV lens, Japan) which located at the distance of 85 mm from the sample. Also there were two 680 and 780 nm laser diodes (3 mW) which impinged on the sample surface at the angle of 30°and the distance of 190 mm (Figure 1) . First, the samples were illuminated (covering an area about 78.5 mm 2 ) by the laser emitting at 680 nm, and then, biospeckle images (480 × 720 pixels) were recorded during 25 s (equal to 500 image frames) at a rate of 20 fps. This procedure was followed by exposing the samples to the laser beam of 780 nm.
Confined compression test
To measure the texture attributes of apples destructively, cylindrical samples were extracted just from the same imaging area (Figure 2(a) ). Each sample was 17 mm in height and diameter. The samples were confined in a disc hole made of stainless steel with the same size of the samples (Figure 2(b) ). A deformation of 2.5 mm was applied on each sample at the speed of 0.33 mm s −1 by a texture analyser (TA.XTplus, Stable Micro Systems Inc., Surrey, UK) equipped with a probe of 15.3 mm in diameter (Figure 2(c) ). On the other hand, the released juice during the compression test was collected by a filter paper located beneath the sample. Two parameters were measured in the compression test. One parameter was juiciness expressed as the juice-soaked area on the paper (expressed in cm 2 ), and the other was stiffness defined as the force-deformation curve slope (expressed in kN m ). According to the stiffness and juiciness parameters, apple samples were classified into non-mealy and mealy groups. An apple was labelled mealy when its stiffness and juiciness parameters were less than 20 kN m −1 and 5 cm 2 , respectively. Otherwise, it was considered as a non-mealy apple. Furthermore, non-mealy apples were also separated into fresh and semi-mealy groups. A firm (stiffness ≥20 kN m ) and juicy (juiciness ≥5 cm 2 ) apple was labelled as fresh. Otherwise, it was called a semi-mealy sample. The threshold values for stiffness and juiciness were selected according to Arefi et al. [22] Configuration of time-history speckle pattern (THSP) image
As mentioned above, the number of 500 image frames lasting 25 s was recorded for each sample. The middle column of each frame was extracted and set side by side to make a new image, called time- history speckle pattern (THSP). THSP is one of the mostly used approaches to evaluate the biospeckle activity. In a THSP image, horizontal and vertical directions represent time and spatial information, respectively. [24] In this study, the height of a THSP image was 400 pixels and its horizontal length was considered 500 (Figure 3 
Evaluation of THSP images
The common biospeckle features In this study, the common biospeckle terms refer to those features which has been very common in evaluation of THSP images and already used by other researchers. This group included IM, the absolute values of difference (AVD), and autocorrelation features. A detailed description is given in Arefi et al. [22] Image texture features Texture is an important feature used in the description of an image. Although there is not a clear definition for texture of an image, it relates to both the grey-level intensity and the location of pixels. To date, several approaches have been introduced to describe textural properties of images. Since it is difficult to identify the best kind for a certain application, different approaches are often applied together. In the present study, Statistical and Transform-based texture analysis methods, as the two mostly used approaches in food industry, were used to analyse THSP images. [25, 26] Statistical texture analysis methods included the first order statistics (8 features), grey-level co-occurrence matrix (40 features), grey-level run length matrix (44 features), and local binary pattern (8 features). On the other hand, wavelet (72 features) and Gabor transform (96 features) were used as transform-based approaches. These methods are briefly described in the following subsections.
First order statistics (FOS)
First order statistics are the simplest features in image texture analysis that correspond to brightness value of each pixel, regardless of the relationship between neighbouring pixels. In this method, the number of pixels h(z i ) with grey-level intensity i is counted to make a gray-level histogram. Afterward, the histogram is normalized by Eq. (1) [26] :
where h(z i ), p(z i ), and n are the image histogram, the normalized histogram, and the total number of pixels in the image, respectively. In the present study, 8 statistical features were extracted from each THSP normalized histogram as listed in Table 1 .
Gray-level co-occurrence matrix (GLCM)
A GLCM is a function of distance and orientation between neighbouring pixel pairs in which the number of pixel pairs at distance d and direction θ is counted, and consequently a GLCM is constructed. According to researches done by Zheng et al. [25] and Mollazade et al. [26] , the values of 0, 45, 90, and 135°were selected for the direction θ, while the distance parameter d was set to one pixel. After making the GLCM, it was normalized by Eq. (2) [25] :
where COM(k, l), N com (k, l), and N represent co-occurrence matrix, normalized co-occurrence matrix, and the sum of elements in co-occurrence matrix, respectively. Each normalized GLCM was then analysed using 10 features suggested by Haralick et al. [27] (Table 1) . A total of 40 features (4 direction × 10 statistical features) were extracted from each THSP image.
Gray-level run length matrix (GLRLM)
GLRLM corresponds to the number of consecutive pixels with similar grey value in a specific direction of an image. The consecutive pixels with the same grey value are called run and the number of pixels in the run is considered as length run. In a GLRLM, each element RLM(i, j) represents the total number of occurrences of the length run j with grey value i, in the direction θ. Four directions θ = 0, 45, 90, and 135°were used in this study to make four separate GLRLM of each THSP image. Afterwards, 11 features, as suggested by Tang [28] , were extracted from each GLRLM (Table 1) . Totally, 44 features (4 direction × 11 GLRLM texture descriptors) were extracted from each THSP image.
Local binary pattern (LBP)
To make a LBP, usually a 3 × 3 neighbourhood of pixels is defined. At each location (x, y), a comparison is made between the neighbouring pixels and the central pixel. Each neighbouring pixel gets the value of one if its grey value is greater or equal to that of the central pixel. Otherwise, it is replaced with the value of zero. Then the binary values are multiplied by the weights generated from Eq. (3), and their sum is allocated to the central pixel. This is processed to the whole image in turn. 
Long run emphasis
Gray level non-uniformity
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where
, and L are the value of the neighbouring pixel, the value of the central pixel, and the number of neighbouring pixels, respectively. As can be found from Eq. (3), LBP is not rotational invariant and thus different values can be obtained according to indexing of the neighbouring pixels. To make LBP resistant against rotation, each possible number was obtained in the clockwise rotation and the maximum number was selected. In this study, eight statistical features were extracted from the normalized histogram of LBP (Table 1) .
Wavelet transform
Fourier and wavelet transforms are two popular frequency analysis techniques. Applying a Fourier transform is suitable when the stationary condition is satisfied by a signal. However, no stationary condition requires in implementation of wavelet transform. Since the stationary condition is unknown in working with the biospeckle phenomenon, it is more suggested to use wavelet instead of Fourier transform. [29] Discrete wavelet transform for a function f(x, y) is defined by Eq. (4) [30] :
y¼0 f x; y ð Þψ j;m;n x; y ð Þ
where W is discrete wavelet coefficient, ψ is wavelet-mother function, M and N are image size, j is the scale parameter, and m and n are location parameters. In 2-D discrete wavelet transform, the image rows are first passed through the low and high frequency filters. It is followed by passing the columns through the same filters, and thus, four sub-images are resulted in. These sub-images are called Approximation, Horizontal, Vertical, and Diagonal details. [30] This process can be repeated several times and each iteration is called one decomposition level. In this study, each THSP image was decomposed into three levels using fourth-order Daubechies wavelet (Db4). Each level of decomposition was described using mean, standard deviation, skewness, kurtosis, energy, and entropy. A total of 72 features (6 statistical features × 3 decomposition levels × 4 wavelet coefficients) were extracted from each THSP image.
Gabor transform
Gabor transform, also known as Gabor filter, is a kind of wavelet transform with a specific mother wavelet function (a Gaussian function modulated by a sinusoidal function). Gabor filter generates power responses when it matches the local specific frequencies and directions. Therefore, two parameters, direction (θ) and frequency (f), are needed to be selected before applying the filter. Four frequencies f = 0.17, 0.25, 0.35, and 0.5 Hz at four direction values of 0, 45, 90, and 135°, as suggested by Mollazade et al. [26] , were used in this study. After applying the Gabor transform on THSP images, six statistical features including mean, standard deviation, skewness, kurtosis, energy, and entropy were measured. In total, 96 features (6 statistical features × 4 frequencies × 4 directions) were extracted from each THSP image.
Prediction and discriminant models ANN models (developed in Matlab software) were applied to predict the stiffness and juiciness. To avoid over-fitting in development of ANN models, the most relevant features were selected using the stepwise discrimination analysis method. Apart from the feature selection, the number of hidden layers and neurons are important in ANN models. [31] In the current study, ANN models with one hidden layer including different neuron numbers were developed. The 75% of data were used for the calibration (60% for training and 15% for cross-validation) and the evaluation of the models was carried out with the remaining data. The correlation coefficient (r) and the standard error (SE) parameters (Eq. 5 and 6) were used to quantify the performance of the prediction models. [32] The best models attributed to higher correlation coefficient and lower standard error.
where bias ¼
, p i is the predicted value by model, m i represents the measured value in the destructive test, p l represents the mean predicted values, m l represents the mean measured values, and n is the number of samples. Furthermore, classification of apples according to their mealiness levels was carried out using ANN models developed in the same way as the prediction models were developed. The classification accuracy (Eq. 7) and total classification accuracy (Eq. 8)) were used as performance evaluation criteria of the classification models.
where T p is the number of true positive, F p is the number of false positive, T n is the number of true negative, and F n is the number of false negative.
Results
ANN prediction models for the apple stiffness and juiciness
Common biospeckle features
The results of calibration and validation stages for the prediction of stiffness and juiciness are summarized in Table 2 . ANN models developed based on the data acquired during 25 s showed relatively better performances as compared to the others. The stiffness was predicted with r values equal to 0.56 and 0.52, and standard errors of 9.7 and 10.2 kN m −1 at 680 and 780 nm, respectively. The models were able to predict the apple juiciness with r = 0.57 and SEP = 2.6 cm 2 at 680 nm, and r = 0.58 and SEP = 2.6 cm 2 at 780 nm. By reducing the recording time, ANN models resulted in worse results for both the stiffness and juiciness. At the recording time of 1 s, the highest prediction r values for the stiffness and juiciness were 0.25 and 0.29, respectively.
Texture features
The best results in the prediction of stiffness and juiciness attributes were obtained for the models developed at 680 nm (Table 2) . In addition, the prediction of juiciness at 680 nm and for the recording time of 25 s resulted in the correlation coefficient and the standard error of 0.68 and 2.3 cm 2 , respectively ( Table 2) . It showed relatively better performance in comparison with the models developed by the common biospeckle features. When the recording time was reduced to 1 s, the models for the prediction of juiciness resulted in 
ANN discriminant models for the mealiness classification
Common biospeckle features ANN classification results of non-mealy and mealy apples are presented in Table 3 . At the recording time of 25 s, the model achieved the classification accuracy of 76.8 and 80.6% for non-mealy apples at the wavelengths of 680 and 780 nm, respectively. As seen in Table 3 , mealy apples were classified with the accuracy of 77.3% (at 680 nm) and 70.9% (at 780 nm). Much poorer classification accuracy was achieved for mealy apples when it was attempt to reduce the recording time. For the recording time of 1 s, only 46.8 and 55.9% of mealy apples were correctly classified at 680 and 780 nm, respectively. On the other hand, classification accuracies of fresh and semi-mealy samples at 680 nm and the recording time of 25 s were 76.7 and 64.1%, respectively (Table 3) . At the wavelength of 780 nm, classification accuracies of 81.7 and 70.9% were, respectively, obtained for fresh and semimealy apples. With reducing the recording time to 1 s, a higher misclassification rate was obtained for semi-mealy apples at both wavelengths (Table 3) .
Texture features
Texture-ANN models resulted in high classification accuracy for mealy and non-mealy apples (Table 3) . For the recording time equal of 25 s, the models developed at 680 nm achieved 86.3 and 95.5% classification accuracy for non-mealy and mealy samples, respectively. Also at 780 nm, non-mealy and mealy apples were classified with the accuracies of 86.5 and 74.1%, respectively. Even though the recording time was reduced to 1 s, ANN models were still successful in classification of non-mealy (83.8% at 680 nm and 88.6% at 780 nm) and mealy apples (85.5% at 680 nm and 71.4% at 780 nm). Moreover, at the wavelength of 680 nm, the highest classification accuracies of fresh (89.4%) and semi-mealy (70.7%) apples belonged to the recording time of 15 s. By reducing the recording time to 1 s, classification accuracies of 88.2% and 68.5% were obtained for fresh and semimealy apples, respectively (Table 3) . At the wavelength of 780 nm and the recording time of 25 s, fresh and semi-mealy apples were classified with the accuracies of 83.7 and 62.6%, respectively; reducing the recording time to 1 s resulted in classification accuracies of 83% (for fresh) and 57% (for semi-mealy), (Table 3) .
Discussion
According to the results, the shorter recording times caused higher misclassification rate for mealy apples when the common biospeckle features were used as inputs in the model development. However, the classification accuracy of non-mealy groups was increased from 76.8% to 89.9% at 680 nm, and from 80.6% to 89.1% at 780 nm when the recording time was reduced from 25 to 2.5 s. This may be because of the biospeckle activity of non-mealy and mealy groups. For the short recording times (e.g. 1 s), biospeckle activity of mealy apples was similar to that of non-mealy ones (Figure 4(a) ). It thus resulted in misclassification of mealy apples as non-mealy samples, because the number of non-mealy apples was higher and the calibration models tended to detect them much more. On the other hand, the difference in biospeckle activity between mealy and nonmealy groups became more when the recording time was long enough (e.g. 25 s), and thus, it resulted in better classification accuracies (Figure 4(b) ). Similar behaviour was found for fresh and semi-mealy samples as the difference in biospeckle activity increased by increasing the recording (b) (a) time. As a result, the correct classification rate increased for fresh groups when the recording time decreased, while semi-mealy apples were detected with poorer accuracies because they were labelled as fresh ones. Apart from the classification models, poor results were obtained for prediction of apple texture attributes (stiffness and juiciness) when the recording time was reduced to 1 s. It can be concluded that the common biospeckle features are completely depended on the recording time and good results can be obtained only when the recoding time is long enough. In comparison with the biospeckle features-based models, both prediction and discriminant models showed better performance when the image texture features were used as inputs in the model development. The texture features-based models were relatively independent of the recording time. The models corresponding to short recording times performed as perfect as those developed at 25 s. Regardless of the kind of image descriptors, the calibration models provided poor results for the prediction of apple stiffness (r ≤ 0.71 and SEP≥ 8. ) and juiciness (r ≤ 0.54 and SEP≥ 1.29 cm 2 ) has been already reported by Huang and Lu (2010) when hyperspectral scattering imaging was used. In comparison with the prediction models, better results were achieved for classification of apples. Fresh (≤89% accuracy) and mealy (≤95% accuracy) apples were classified with acceptable accuracies, even though misclassification rate (>30%) was high for semi-mealy apples. This can be due to the fact that fresh and mealy apples are such different in texture attributes (stiffness and juiciness) and consequently biospeckle behaviour makes them easy to separate. In summary, further investigation is suggested to achieve the better performance regarding both prediction and classification models.
Conclusion
Analysing biospeckle images using the texture descriptors in comparison with the common biospeckle ones showed that it would be possible to achieve higher apple mealiness classification accuracies at short recording times. Even though further work is still needed to reach a comprehensive conclusion on this, the findings of the current study can be considered as an introduction towards making biospeckle imaging a faster technique through replacing the common biospeckle descriptors by the texture-based ones, and therefore, removing barriers in the way of its online application.
